Int. J. Adv. Sci. Eng. Vol.5 No.2 917-923 (2018) 917 E-ISSN: 2349 5359; P-ISSN: 2454-9967 


Neural Networks Applications in WLANs for Performance 


Enhancement: a Survey and Framework 


Gideon T Govere., Tilay Yildirim 
Department of Electronics and Communications Engineering, Yildiz Technical University, 
Davutpasa Mah. Davutpasa Caddesi 34220 Esenler - Istanbul, Turkey 


ABSTRACT: Wireless Local Area Networks (WLANs) are inherently dynamic and complex systems which are being 
deployed in denser and more challenging scenarios like stadiums, with greater user performance demand to support 
applications such as video, cloud access and offloading. Their very nature requires adaptive and intelligent solutions to 
enhance and optimize their performance. As a candidate solution, Artificial Neural Networks (ANNs) can optimize a 
performance criterion using exemplary data from past experiences. They present solutions that are adaptive to their 
dynamic environment. This work is a narrow review of applications of ANNs in WLANs, specifically for network 
performance enhancement and optimization ie. their use in finding and exploiting correlations and patterns between 
adaptive network parameters and network performance. We also provide a generic framework and guidelines for their 


ATOLLYV MAIAdY 


application in WLANs in this regard. 
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1. INTRODUCTION 

Artificial Neural Networks (ANNs) are a class of 
machine learning algorithms, whose generic functionality 
includes classification, learning, and optimization. Their 
functionality has been vastly applied in science and 
engineering domains for pattern recognition, data 
clustering and compression, signal and image processing, 
and control problems. In telecommunications, they have 
been applied in equalizers, adaptive beam-forming, self- 
organizing networks, network design and management, 
routing protocols, and localization. They are also 
applicable to wireless networks, which are essentially 
communication systems that adopt a_ wireless 
communication medium for transmission. A pervasive 
type of wireless network is the Wireless Local Area 
Network (WLAN) which provides wireless 
communication for limited areas such as homes, office 
buildings, and schools. Within their coverage area, 
mobile connectivity and Internet access via an optional 
gateway is available. 


The design of WLANs involves decision making and 
parameter optimization in a complex, dynamic and 
uncertain environment. Properties of ANNs such as 
generalization, input-output mapping, adaptability, 
nonlinearity, and fault tolerance, make them suitable for 
various applications in WLANs. Some of their 
applications in WLANs include data rate adaptation[1], 
quality of service (QoS) provisioning, frame size 
adaptation [2], channel allocation and estimation, and 
indoor localization. This work is a narrow survey of 
applications of ANN in WLANs, specifically for network 
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performance enhancement and optimization i.e. their use 
in finding and exploiting correlations and patterns 
between configurable and adaptive network parameters 
and performance. A framework and guidelines for their 
application is provided. 


Other machine learning algorithms or ANNs 
application in other wireless networking schemes i.e. 
Wireless Sensor Networks (WSN), Wireless Body Area 
Networks (WBAN), Cognitive Radio Networks (CRN) and 
Cellular Networks, for other information processing 
based applications such as localization, human activity 
recognition, electricity load monitoring and security are 
not covered. 


1. BACKGROUND 
1.1 Artificial Neural Networks (ANNs) 

Like other machine learning algorithms, ANNs can 
optimize a performance criterion using exemplary data 
from past experience and are suitable for situations 
where writing an explicit algorithm is intractable[3]. 
Example problems are time and environment dependent. 
They present solutions that are adaptive to their dynamic 
circumstances since they can adapt their processing 
structure in response to newly received information[4]. 


Zurada [4] defines ANNs as cellular systems that 
acquire, store, and utilize experiential knowledge. They 
are inspired by neuroscience, not so much to emulate the 
brain but rather to develop models of parallel and 
interconnected systems that process information with 
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brain comparable efficiency. 


They are supervised algorithms that can be used to 
develop complex and non-linear boundaries for 
classification or regression modeling [5]. As universal 
approximators, they can approximate an arbitrary 
function with a desired accuracy when tuned well. 
Common ANN models include Multilayer Perceptron 
(MLP), Probabilistic Neural Network (PNN), the Bayesian 
and Hopfield neural network. 


1.2 Wireless Local Area Networks (WLANs) 

WLANS are privately owned wireless networks whose 
coverage is within or near a building, office or factory. [6] 
They are ideal for situations were user mobility and the 
installation of a physical medium is infeasible. They 
enable the sharing of resources e.g. printers and 
information among clients e.g. personal computers and 
consumer devices. Their popularity has increased over 
the years as a means of connecting portable consumer 
devices such as PDA’s, smartphones and laptops to the 
Internet. WLANs are recently being deployed in 
increasingly denser and challenging scenarios such as 
corporate offices, outdoor hotspots, and airports. 


The 802.11 IEEE [7] standard, commonly known as 
Wi-Fi, is the most used official WLAN standard. It defines 
two application modes, the Infrastructure, and ad-hoc 
mode. In the earlier, communication between clients is 
via an Access Point (AP). APs can be connected together 
via a distribution system that can also provide Internet 
access. In the less common ad-hoc mode, clients can 
communicate directly with each other without an AP. 


The latest versions, 802.11n and 802.11ac, of the 
802.11 IEEE standards specify multiple-input-multiple- 
output (MIMO) operation, dual-band operation in the 
24Hz and 5GHz bands of the unlicensed spectrum, 
channel bonding (40MHz), frame aggregation and higher 
data rates well over 100Mb/s. 


2. REVIEW 
2.1 Idle Slot Prediction 

To improve the utilization of the increasingly crowded 
frequency in WLAN, [8] applies a Cognitive Radio (CR) 
like approach to sense and switch channels according to 
the Channel Occupancy Rate (COR). A multiband system 
that leverages the longest idle period estimate to select 
and transmit on multiple channels simultaneously was 
suggested in [9]. [8] investigates the use of PNN to 
predict if a channel will be idle by pattern matching 
previous data samples, specifically the Busy/Idle (B/I) 
slot pattern history is analyzed to predict the number of 
up-coming consecutive idle time slots. 


Using a sniffing software, frame header data was 
recorded at a station and airport in the Channels 1, 36 
&56 of the 2.4GHz & 5.6 GHz bands respectively. The 
data was then used to estimate the frame duration and 
consequently the B/I slot sequence. 


918 


E-ISSN: 2349 5359; P-ISSN: 2454-9967 


A B/I slot serial data of length Nr x Nc + k was 
preprocessed for training by dividing it into two 
matrices, the predictor matrix (P-Matrix) of dimensions 
Nr x Nc and a corresponding target matrix (T-Matrix) of 
dimensions Nr x k, where k is the prediction length 
(Figure 1). 
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Figure 1 Pre-Processing of serial B/I slot data to 
the Predictor Matrix, P, and the Target 
Matrix, T[8] 


An input vector is fed to the 4 layer PNN, with an input, 
hidden, summation and output layer. In the hidden layer, 
the Euclidean distance between the input vector and 
training vector in each class is calculated and multiplied 
by a Gaussian function. The summation layer derives the 
class probabilities by summing up the neural outputs of 
each class. The output layer selects the highest neural 
output (class probability) as the output. 


For a group of R, P and T-Matrices; the 1st P and T- 
Matrix pair was used for training; subsequent P and T- 
Matrix pairs were later used to evaluate the PNN in 
prediction mode. Since the user-traffic load is time- 
varying, the process was repeated (retraining) with a 
different group of P and T-Matrices. The prediction was 
done for a total of N P-Matrices, and the average success 
rate computed. 


As an alternative input data format, COR preprocessed 
input data was attained by averaging d B/I slots into a 
single slot in each row of the P-Matrix. 


Channels with a lower long-term COR had better 
performance. Smaller prediction length, k and P-Matrix 
column number, Nc produced better accuracies, as the 
later allows the use of more recent data for the 
prediction. Raw B/I slot input had better performance 
than COR input, as the later had reduced information due 
to averaging. As the number of B/I slots averaged d, for 
COR input processing was reduced, performance 
approached that of B/I slot input. More frequent 
retraining yielded better performance. Replacing or 
appending P-Blocks during retraining had no effect on 
performance but on memory complexity. The authors 
suggested further work to optimize the PNN Gaussian 
spread and P-Matrix dimensions. 
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2.2 Joint Station (STA) and AP Fairness Optimization 
In a high-density WLAN deployment with uneven user 
distribution with no overall channel planning and power 
control, high co-channel interference and load imbalance 
is inevitable; and degrades the network throughput and 
the user experience. 


Ma et al [10] research aimed to balance user fairness and 
network throughput. They envisioned the problem as an 
Informed Search NP-Hard problem; with a 107° state 


space i.e. 10 APs with 10 power level options. 


In their Simplified Coefficient of Variation (SCV) model 
they developed a target function F, which balances the 
user fairness and throughput; they statistically showed 
the linearity and interchangeability between the network 
throughput and the AP fairness. Their formulation 
hinged on the fact that the effective transmission rate of 
each station (STA) is directly proportional to the 
transmission power of the associated AP, and the 
transmission rate of each AP (to the backbone) to its own 
power. Coefficients of variation of the transmission rates 
of both STAs and APs are computed as a function of the 
Jains fairness index (J) [11] of their discrete power levels. 
Ultimately their target function to be minimized is 
expressed as a function of the discrete power levels and 
the number of associated STAs for each AP. 


The target function was then converted into an energy 
function and consequently a dynamic function ( dE /duy 


) and weights for the Hopfield network. The network had 
200 unipolar (0,’+1) neurons: represented as a matrix of 


20 rows (APs) and 10 columns (power levels). Since each 
AP can only have a single power level at a time, only one 
neuron can fire ( ¥jj=+1 ) in each row of the matrix. 


Their Hopfield network structure closely resembled the 
one for solving the Traveling Salesman Problem (TSP) 


[4]. 


For evaluation, a WLAN simulation with 20 APs 
arranged on each grid point of a 4 by 5 grid, with an 
inter-AP distance of 100 meters was configured. A total 
of 4 channels were allocated to the APs. The 
minimum/first power level was set to 10mw. A total of 
200 STAs were uniformly distributed over the grid area. 


The ANN was run twice with different parameter 
values (step value = 0.001/0.005), in order to identify the 
best parameter values i.e. which produced the highest 
network throughput. The best ANN configuration was 
then run several times and the results presented as an 
average from which administrators can configure a 
network for the desired fairness and throughput tradeoff. 
Their SCV model is easily applicable to other AI. 


2.3 Spatial Reuse Optimization 

In the IEEE 802.11 infrastructure mode, the Carrier 
Sense Multiple Access with Collision Avoidance 
(CSMA/CA) mechanism limits communication to one STA 
within a Basic Service Set (BSS) i.e. between an AP and a 
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STA. In dense WLAN (many APs and STAs), co-channel 
BSSs may overlap, resulting in shared communication 
time and capacity, and reduced concurrent 
transmissions. 


To optimize spatial reuse (concurrent transmissions) 
in a centralized network architecture, in [12] each STA 
periodically collects and sends throughput 
measurements and MAC parameters, specifically their 
transmission power(Ix), and the physical carrier sense 


threshold(PC5,,,-) values, to a central entity that 
implements the MLP. The MLP is used to jointly adapt the 
MAC parameters (Ty, and PCS,,,-) to optimize spatial 


reuse [13]. The MLP had 2k input neurons and k output 
neurons representing the two MAC parameters (Len and 
PCS,,,-) and the throughput (T) respectively for each of 
the k STAs. 


Since the aim was to enhance throughput fairly among 
STAs, a cost function, Cost; based on the J of STAs is 
formulated for minimization [11]. Given that 
Cost, = F(PCSins, y ae | where function f (.) varies 
as channel conditions and contention processes vary 


with time. The optimization problem was formulated as: 
[Pesthr, 2k eT XP y, 2) opt = 


arg MEMES ine ys ee jCosty 

. To minimize Costy, a gradient descent algorithm is 
adopted, whereby successive parameter adjustments are 
made in the negative direction of the Cost; gradient i.e. 
pied — p+ —y (Scostr/sg”) (1). An MLP is 


if 
trained online for T, with an incremental dataset akin to 
[2] described in Section 2.4. The backpropagation 
algorithm consisting of the forward and backward pass is 
augmented with a third backward pass after training, to 


obtain the gradient 5Cost,/5g™ for parameter 
adaptation in (1). 

{n+i) 
i 


verified by simulating them on the trained ANN before 
sending them to STAs for adaptation. 


The reduced Cost; of the new parameters, B is first 


The approach was evaluated using a system-wide 
simulation. For the hidden and exposed node scenario, it 
improved the aggregate throughput fairly by 20% and 
100% respectively. For a high-density cellular scenario 
based on [14] with 63 STAs, an aggregate throughput 
increase above 45% was attained. 


2.4 Frame-Size Optimization for Maximum 
Throughput 
The frame-size is an important performance factor in 
WLANs i.e. generally a bit error on a large-sized frame 
without the Forward Error Correction has a costly 
retransmission, while a smaller-sized frame has an 
inefficient transmission overhead. 
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Analytical closed-form frame-size optimization solutions 
relied on estimating channel conditions [15], neglected 
them altogether [16][17], didn’t consider the effects of 
random contention processes [15][18] or depended on 
simplistic assumptions[19]. 


An online MLP is used in [2] to model throughput as a 
function of the frame-size and to iteratively optimize the 
frame-size based on the gradient information. 


STAs individually collect throughput measurements and 
frame-size pairs as the dataset. This information also 
encapsulates channel conditions and_ contention 
dynamics effect on the network throughput. 


Given T = f(s), where T: Throughput, and f: a function of 
s: frame-size, that varies as channel conditions and 
contention processes vary with time. The optimization 
problem was formulated as Spp¢ = 8Tg max .T. To 


optimize T, a gradient ascent algorithm is adopted, 
whereby successive frame-size adjustments are made in 
the direction of the frame-size gradient of the estimated 
throughput ie.s™ = s™+4 @T,s (2). Similar to [12] 
described in section 2.3, the MLP is used to estimate the 
gradient 8T/'@s for (2) by training it for the throughput 


with the frame-size/throughput dataset using the basic 
backpropagation algorithm. After training (with fixed 
weights), the algorithm is augmented with a third 
backward pass to calculate the gradient 8T//@s for the 


frame-size adaptation in (2). 


The approach is flexible as the reaction speed can be 
improved by adapting the learning rate, error and 
iteration thresholds, number of hidden layers and 
neurons. With minor modifications, their solution can be 
applied to joint parameter optimization in WLANs. 


The MLP is run on relatively more powerful APs and 
evaluated with simulation parameters of the IEEE 
802.11b WLAN standard. Under different channel 
conditions and contention effects, the approach was able 
to optimize frame-size for maximum throughput. 


2.5 AP Selection Optimization 

[20] employed an MLP to optimize AP selection by 
mobile STAs in WLAN for the highest throughput. Other 
implementations would simply select the nearest AP 
with highest Received Signal Strength Indicator (RSSI) 
measurement, which causes the overloading of APs 
closer to more STAs and the underutilization of APs 
closer to fewer STAs. Schemes that do take into account 
the AP traffic load are limited to centralized approaches. 


In their decentralized scheme [20], both RSSI and load 
based matrices are used to train an MLP to estimate for 
each STA the throughput attainable from connecting to 
available APs and consequently selecting the one with 
the highest throughput estimate. For brevity, these 
metrics include the SNR, the ratio of retransmitted 
frames, the time ratio of frame transmissions, and the 
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number of detected STAs communicating with a potential 
AP. The MLP is trained both offline and later online for 
optimal performance. 


Parameters for offline training are collected by 
measuring and calculating the environmental metrics for 
a tagged STA in a group of downloading STAs under the 
coverage of a single AP. Afterward, the STA connects to 
the AP, downloads a file and measures the throughput. 
The process is repeated for different numbers of STAs, 
AP and tagged STA proximities. The dataset is used to 
train the MLP offline. Later the trained MLP is then used 
online. They tested their scheme with two APs for 
varying loads (number of downloading STAs) and 
distances between the tagged STA and the two APs. Their 
scheme was adaptive to both RSSI and AP load in 
selecting the optimum AP. 


2.6 Rate Adaptation Optimization 

Wang et al [1] applied ANN in the rate adaptation 
problem i.e. the selection of a particular Modulation and 
Coding Scheme and subsequently, the transmission rate 
based on channel conditions, to ensure reliable 
transmission and goodput. 


Essentially the ANN is used to adapt two parameters m 
and n of the Auto Rate Fallback (ARF) algorithm [21]. The 
algorithm decreases the data rate and starts a timer 
when m consecutive failed ACK frame receptions occur. 
The data rate is increased and the timer reset, either 
when the timer expires or when n number of consecutive 
successful ACK frame receptions occur. 


Unfortunately, ARF can’t differentiate failed ACKs due to 
bad channel conditions from those due to packet 
collisions; it can wrongly degrade throughput in high 
contention situations but with good channel conditions. 


An MLP is used to model the correlation function 
between the optimal pair values of m and n (which 
produce the maximum aggregate throughput) for a 
specific context matric quantified by a specific number of 
STAs, traffic intensity (packets per sec) and channel 
condition (BER). 


The MLP is trained offline with 16 datasets, 12 
patterns for training and 4 for testing. After successful 
training, the MLP is used to extrapolate for other unseen 
context metrics their optimum m and n values that are 
then tabulated. For a runtime context, optimum values of 
m and nare read quickly from the table. 


The scheme outperformed the ARF and Automatic-ARF 
[22] algorithm in three simulation scenarios with a 
varied number of STAs, channel conditions, and traffic 
intensity. The proposed approach outperformed the 
other algorithms in all scenarios. 


3. FRAMEWORK FOR APPLYING ANNS 
Our framework describes a six-step process for 
applying ANNs to optimize performance in WLANs. We 
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explain the objective of each stage of the framework 
illustrated in (Figure 2). We also describe how each step 
of the framework was exemplified in some of the work 
reviewed above; to render a_ more practical 
comprehension. 


Understaning the 


problem domain OU os 

| | 
197 2> 

, ae | 332 <0 
Understanding the 227 | 330 |~33% 
238 346 : 
data 262 380 733 
274 3 etm 
287 a7 B49 
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Data Pre-processing 


Modeling 


Testing 


Implementing 


Figure 2 Framework for applying ANNs in 
WLANs 


3.1 Understanding the Problem Domain 

This stage constitutes the identification of the wireless 
networking problem to be solved and its formulation into 
an ANN solvable problem. The data, parameters, and 
metrics that need to be collected to optimize the network 
are identified. For instance in section 2.3 MAC 
parameters, namely Ty, and PCS;,, were identified for 


collection and adaptation to optimize spatial reuse in 
dense WLANs[12]. At this step, candidate ANN models 
are suggested for the problem. 


3.2 Understanding the Data 

The suggested data is collected and explored. The aim 
is to validate the dataset and problem formulation. To 
ensure the data is relevant and effectual in solving the 
problem. For instance, in section 2.4 a preliminary 
simulation using ns-2 [23] to validate the effect of 
contention processes on the optimal frame-size under 
constant channel conditions is conducted[2]. This 
demonstrated the sub-optimality of analytical solutions 
that didn’t consider contention effects and justified using 
an MLP that encapsulates the effect of contention 
processes. 
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3.3 Data Pre-Processing 

In most cases, the raw data requires transformation 
into a form suitable as input to the ANN. The raw data 
could be non-representative of the problem, in a non- 
optimal form for training, distributed or with outliers. 
Preprocessing involves data cleaning which removes 
outliers and integrating distributed data. Data 
transformation which typically involves normalizing the 
data (scaling) and data reduction which compresses data 
to the information most relevant to the task at hand. 


As previously mentioned in section 2.1, the frame 
duration data was converted into B/I slot serial data 
which was then preprocessed into a P-matrix (features 
vectors) and T-matrix (target vectors) [8]. 


An alternative presentation of the P-matrix based on COR 
preprocessing was formulated by averaging d B/I slots of 
the P-matrix, into a single slot. This transformation is a 
form of data compression. 


3.4 Modeling 

The ANN model is trained at this stage. Training can be 
supervised or unsupervised depending on the neural 
model. In supervised learning, the NN is presented with 
training examples constituting a feature vector and a 
corresponding label vector. The ANN adapts its internal 
parameters, to better predict the label vector from the 
feature vector. In most ANN this involves the iterative 
and incremental weight space adaptation for each 
training set in order to reduce the prediction error. In 
unsupervised learning, there are no label vectors in the 
feature dataset if any at all. 


Most ANNs have tunable parameters that require 
several runs to find the optimal configuration. In section 
2.5 the ANN was trained and tested several times offline 
with different parameter combinations i.e. the number of 
hidden layer nodes, H the learning rate, L and the 
maximum number of epochs, F [20]. By plotting the 
Normalized-RMSE of the estimated throughput against F 
for different values of L and H, the best parameter values 
for the ANN were identified, for both offline and online 
training. 


In the idle slot study[8] described in section 2.1, the 
PNN and system parameters that had to be tuned for 
optimal prediction are 1) the number of rows and 
columns in each P-matrix ( ie. the number of B/I time 
slots to be used for prediction ) 2) The prediction length, 
k 3) The number of P-matrices per training group, R 4) 
Whether to use B/I slot or COR data format in the P- 
matrix 5) The number of B/I slots to average for COR 
pre-processing, d 6) The PNN Gaussian spread value for 
the PNN 7) The retraining frequency (essentially the 
number of predictions before retraining the PNN) 8) 
Whether to retrain with an incremented or replaced 
dataset. 


Depending on how the data is made available to the ANN, 
learning can be online or offline: 
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Offline Learning 

The ANN is trained once on the whole dataset. Offline 
training is ideal when the system or phenomenon to be 
modeled doesn’t change with time. Wireless networks 
are inherently dynamic and as such require continued 
adaptation to remain optimal in operation. STA mobility, 
handover and channel conditions are some of the few 
ways wireless networks are inherently dynamic. Offline 
learning is usually simpler (e.g. no integration required) 
and inexpensive compared to online training. 


As was mentioned earlier in section 2.6, the MLP was 
trained and tested offline, after which it was used to 
extrapolate for unseen context metrics; the 
corresponding optimum m and n values which were then 
tabulated[1]. For a specific runtime context, optimum m 
and n values for maximum throughput were quickly read 
from the table. Solutions that can afford offline training 
have the advantage of a reduced time complexity during 
runtime at the risk of compromised accuracy in non-ideal 
scenarios e.g. in [1] these are context metrics (BER, 
traffic intensity, and number STAs) not included in the 
table. 


Online Learning 
In online learning, the data is made available gradually in 
time for training. In dynamic wireless networks, most of 
the data becomes irrelevant to the problem with time. 
Sometimes training over the whole available dataset at 
once is infeasible. 


In the centralized scheme in section 2.3, registered STAs 
periodically (every 10s) send their MAC parameters (Typ 


and PCS;,,) to the central controller where the ANN is 


implemented[12]. The online dataset is augmented with 
the initial offline dataset and previously collected dataset 
to retrain the MLP. 


In [12] [2] and [20] described in sections 2.3, 2.4 and 2.5 
respectively, the ANN was trained both offline and online 
with data gathered from a laboratory experiment. The 
offline trained ANN is then deployed for online usage 
with approximate initial weights with satisfactory initial 
performance and a quick response time to online 
training. 


3.5 Testing 

At this stage, the trained ANN performance is 
evaluated. Evaluation can be done on a portion of a 
previously collected dataset excluded from training. 
Alternatively, a new dataset can be collected exclusively 
for testing. Online datasets can be used for testing as they 
are incrementally available in time. 


In k-fold validation, the dataset is divided into k-folds, 
with all but one fold being used for training and the 
remainder for testing. This is repeated k times until 
every fold has been used for testing. 
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When evaluating regression applications an error or cost 
function compares the predicted value against the target 
value. Evaluation of classification applications is based 
on a miss calculation metric. Common error functions 
include the MSE and RMSE. 


3.6 Implementation 

At this stage, the software development process of the 
model is considered. A functional and integration design 
of the model is developed. The model design is 
programmed for the target architecture ie. in the 
targeted software environment. The implementation is 
tested then deployed on the target system. 


In most cases, the model design is programmed in a high 
fidelity simulation environment that can take into 
account contextual factors such as channel conditions, 
various data rates and contention effects for realistic 
results. 


Some simulation tools like OPNET used in [12] already 
have a MAC and PHY layer implementation of the 802.11 
IEEE standards. Some commonly used wireless network 
simulators include ns-3[23], OMNET++[24], which 
requires the INET Framework, Qualnet [25] and 
Riverbed Modeller [26] formerly OPNET. All but the last 
two are non-commercial software. For operational 
evaluation, the model can be implemented on a real 
testbed. 


4.CONCLUSION 

A narrow survey of applications of ANNs in the WLANs 
for network performance enhancement and optimization 
has been provided. We have specifically reviewed the 
applications of ANNs in finding and_ exploiting 
correlations and patterns between configurable and 
adaptive network parameters and performance in 
WLANs. A generic framework and guidelines for their 
application in such regard have been described. Needful 
to say, our work didn’t cover other information 
processing based applications of ANNs such as 
localization, human activity recognition, electricity load 
monitoring and security. 
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